Information derived from functional magnetic resonance imaging (fMRI) during wakeful rest has been introduced as a candidate diagnostic biomarker in unipolar major depressive disorder (MDD). Multiple reports of resting state fMRI in MDD describe group effects. Such prior knowledge can be adopted to pre-select potentially discriminating features, for example for diagnostic classification models with the aim to improve diagnostic accuracy. Purpose of this analysis was to consolidate spatial information about alterations of spontaneous brain activity in MDD to serve such feature selection and as a secondary aim to improve understanding of disease mechanisms. 32 studies were included in final analyses. Coordinates extracted from the original reports were assigned to two categories based on directionality of findings. Meta-analyses were calculated using the non-additive activation likelihood estimation approach with coordinates organized by subject group to account for non-independent samples. Results were compared with established resting state networks (RSNs) and spatial representations of recently introduced temporally independent functional modes (TFMs) of spontaneous brain activity. Converging evidence revealed a distributed pattern of brain regions with increased or decreased spontaneous activity in MDD. The most distinct finding was hyperactivity/ hyperconnectivity presumably reflecting the interaction of cortical midline structures (posterior default mode network components associated with self-referential processing and the subgenual anterior cingulate cortex) with lateral frontal areas related to externally-directed cognition. One particular TFM seems to better comprehend the findings than classical RSNs. Alterations that can be captured by resting state fMRI show considerable overlap with those identifiable with other neuroimaging modalities though differing in some aspects.
1.
Introduction Guo et 117 al., 2013; Ma et al., 2012;  118 Ye et al., 2012; Zhu et al., 2012; Cao et al., 2012; Furman 119 et al., 2011; Veer et al., 2010; Wu et al., 2011; Liu et al., 2010; Sheline et al., 2010;  120 Hamilton et al., 2011; Zhou et al., 2010 24 (MDD, first episode), 24 (HC) no fALFF, Seed-FC (Cerebellum) 24 (MDD; first episode), 24 (HC) no VMHC 4 24 (MDD), 29 (HC) no seed-FC (anterior cingulate) to account for non-independent samples (Turkeltaub et al., 2012) . ALE-S is an extension 129 of the random effects ALE approach (Eickhoff et al., 2009 ) that prevents multiple 130 experiments performed by one subject group from cumulatively influencing ALE values.
131
Therefore a modelled activation map is generated for each subject group independently 132 based on published coordinates in a first step. These maps are then combined in a 133 second step to calculate final ALE values (Turkeltaub et al., 2012 (Smith et al., 2012) . network identification in rs-fMRI data, so-called TFMs (Smith et al., 2012 optimal classification algorithms for diagnostic purposes (Sundermann et al., 2014) . Moreover, morphological imaging in MDD revealed moderate increases in white matter 318 hyperintensities based on T2-weighted imaging as a common finding at the group level 319 (Kempton et al., 2011; Arnone et al., 2012) . Though white matter hyperintensities are a 320 common finding, they can reflect small vessel disease and are therefore associated with 321 an increased risk of cardiovascular events, dementia and death within a studied period 322 (Debette and Markus, 2010) .
White matter microstructure as an important aspect of suspected network pathology in 324 affective disorders has been studied using diffusion tensor imaging (DTI) and derivative well with the latter location defined by distinct structural connectivity features.
344
Results of functional and structural imaging in MDD seem somewhat contradictory:
345
Some areas with increased spontaneous activity / functional connectivity seem to 346 exhibit volume reduction or are served by white matter tracts with decreased 347 anisotropy. Though functional and structural connectivity metrics show mostly 348 concordant variations (Honey et al., 2010; Damoiseaux and Greicius, 2009) , there are 349 other examples of a similar paradox, e.g. in multiple sclerosis (Hawellek et al., 2011) . software tools for voxel-based classification facilitate masking for FS (Schrouff et al., 2013 The generalizability of results to other samples is also limited by the heterogeneity of 385 samples in the studies included as these range from first-episode medication naïve 386 subjects to treatment resistant patients after multiple depressive episodes. However, the 387 literature currently available does not seem to facilitate a more specific meta-analysis 388 yet. As stated above this meta-analysis primarily pursued a methodological goal and 389 therefore emphasized spatial specificity.
390
Multiple reports based on the same or similar data and overlapping samples are a 391 generic problem in meta-analyses (Littell et al., 2008) . In this work a recent modification of the ALE method (Turkeltaub et al., 2012 ) was adopted to minimize within-group 393 effects of potentially overlapping samples without sacrificing valuable information.
394
Despite that, it cannot be fully excluded that there is residual overlap of samples in 395 studies considered independent here. However, we adopted a consensus based approach 396 involving three reviewers to reduce this potential bias.
397
Even despite this issue the recent literature on rs-fMRI in MDD displays a noticeable 398 tendency towards particular Asian as well as North American or European populations.
399
As prevalence and clinical symptomatology differ significantly between cultural 400 contexts (Yeung and Chang, 2014; Juhasz et al., 2012; Halbreich et al., 2007; Kirmayer, 401 2001) results reported in this meta-analysis may not necessarily be applicable to other 402 populations.
403
This meta-analysis focused on comparisons of depressive subjects and healthy controls.
404
However, it seems to be even more desirable to identify differential neuroimaging 405 biomarkers that provide information about individual prognosis or guide therapeutic 406 decisions (Mossner et al., 2007; Sundermann et al., 2014) . Feature (pre-)selection for such 407 efforts may be optimized specifically in the future as soon as further rs-fMRI research in 408 these situations becomes available. 
Conclusion 410
Resting-state fMRI studies in depression have identified a distributed pattern of brain 411 regions with increased or decreased spontaneous activity compared to healthy controls.
412
The most distinct finding is hyperactivity or hyperconnectivity presumably reflecting 
